In manufacturing environments, the production planning is at the high level of production and operation management. This paper intends to plan a flow shop manufacturing system producing multi products during multi periods. By planning, the optimal production rate of each product in every period will be determined. In order to specify the optimal production rate, three objectives must be met simultaneously. Planning is done in a stochastic situation and some uncertain parameters are considered for the problem. The simulation-optimisation approach was used and SA algorithm was chosen as the optimiser. Ultimately, after generating 225 new feasible solutions, the optimal production rate was determined. Results showed the trend of searching new solutions reached to a convergence and the average value of objective function decreased from 222,657 to 56,430 and it has been a remarkable reduction. So, the simulation optimisation approach is capable in solving uncertain production planning model even by considering multi objectives simultaneously.
Introduction
In manufacturing environments, the production planning is at the high level of production and operation management (Guo et al., 2013) . The aims of production planning are at specifying the optimal quantity of production, inventory and other manufacturing parameters to meet fluctuating demands over the scheduled time (Ramezanian et al., 2012) .
In the issues of production planning optimisation, researchers are attempting to increase the detail and realism of mathematical formulations (Figueira et al., 2013) . Considering stochastic elements in planning models results is more realistic problem than simple deterministic analysis (Alshamrani, 2013) . The uncertainty can be expressed as randomness and fuzziness in the manufacturing systems (Lan et al., 2010) .
Production managers usually want to generate an ideal production plan including some desirable features. Researchers believe that a multi-objective approach is both affective and qualified for this purpose (Karimi-Nasab and Aryanezhad, 2011) .
Generally, researchers have been applying the simulation modelling so as to study the behaviour of real-world production systems and obtaining better comprehension of problems (Azadeh et al., 2008) . Although the simulation models have the ability of obtaining intricate system behaviours, sometimes they need large amounts of development and running time so that they are typically insufficient for solving optimisation problems. Hence, this weakness is modified by the simulation-optimisation approach (Keskin et al., 2010) .
Simulation optimisation is the method of detecting the best values for some decision variables in a system where the performance is evaluated based upon the output of a simulation model of this system (Costa et al., 2010) . It is demonstrated Simulation optimisation approach is effective for analysis of various system configurations and/or alternative operating procedures for complex logistic or manufacturing systems under uncertainty (Li et al., 2009) .
Our main purpose in this study is to plan a flow shop manufacturing system producing multi products during multi periods. By planning, the optimal production rate of each product in every period will be determined. In order to specify the optimal production rate, three objectives must be met simultaneously. Planning is done in a stochastic situation and some uncertain parameters are considered for the problem. Due to the complexity and stochastic situation of the problem, a simulation optimisation method is proposed and finally, the suggested approach is studied by a numeral example.
The structure of this paper is as follows. After this introduction, in Section 2, background of production planning and simulation optimisation approach is presented. In Section 3, the methodology of the paper including problem description, mathematical model and Simulation-optimisation approach are introduced. A numerical example is represented in Section 4 and finally, discussion and conclusion are expressed in Section 5.
Literature review
In Section 2.1, a review of some conducted studies considering production planning problem are presented and their conclusions are expressed too. Also in Section 2.2, some works based on simulation optimisation approach are reviewed and their results are demonstrated.
Production planning
Extensive researches upon production planning with the coverage of different assumptions of manufacturing system are prepared in the literature and different approaches are proposed for them. Each of them has its own specifications. Leung and Chan (2009) developed the aggregate production planning problem with different operational constraints and three production plants in North America and one in China were considered simultaneously. For obtaining the optimal solution, a preemptive goal programming model was utilised. Results proved the flexibility and the robustness of the presented model. Taleizadeh et al. (2010) propounded a production quantity model with random defective items, service level constraints and repair failure. For obtaining the optimal solution a derivation method was used. The two numerical examples and sensitivity analysis demonstrated the feasible usage of the proposed method.
Valliathal and Uthayakumar (2011) studied the effects of shortages on an inventory model for deteriorating items with shortages under supplier's credit linked to maximum inventory level. Numerical examples were presented to determine the developed model and the solution procedure.
Karimi-Nasab and Aryanezhad (2011) addressed a multi-objective model for the production smoothing problem on a single stage facility. For the problem, a new genetic algorithm was applied. The computational testes disclosed the capability of the utilised method in contrast to previous researches. Karimi-Nasab and Konstantaras (2012) proposed a new multi-objective production planning model. A random search heuristic algorithm was exerted to find the best solution. Finally the applied approach was compared with a multi-objective genetic algorithm on a set randomly produced test data. The result showed that proposed approach executed better than the multi-objective genetic algorithm especially for small and medium-sized instances. Rahmani et al. (2013) investigated a two-stage production system with some uncertain parameters. A mixed-integer programming (MIP) model was put on to formulate the related robust production planning problem. Then a case from an Iran refrigerator factory was studied. The computational results indicated the soundness and effectiveness of the model and highlighted the importance of applying robust optimisation approach in producing more robust production plans in the uncertain environments. Marichelvam and Prabaharan (2014) considered multistage hybrid flow shop scheduling problems with the objective of determining a schedule minimising makes pan. A hybrid meta-heuristic algorithm was proposed in order to solve the problem. A case study problem of a leading steel furniture manufacturing company in India was presented to illustrate the proposed algorithm. Computational experiments showed that the proposed algorithm outperforms other heuristic and meta-heuristic algorithms.
Simulation-optimisation
The use of a simulation in combination with an optimisation algorithm, so called simulation-optimisation, is a commonly used technique in industry today, to find the best parameter values for a system or a process (Syberfeldt et al., 2013) . In general, the experimentation demonstrates the utility of the simulation optimisation approach to aid decision making in complex manufacturing environments (Melouk et al., 2013) . Keskin et al. (2010) integrated the vendor selection problem and inventory replenishment decisions of a firm in stochastic demand situation. They employed a simulation-optimisation approach to solve the problem. Computational results highlighted the emphasis of computational tools such as simulation-optimisation for the vendor selection problem. Claudio et al. (2010) studied a hybrid strategy combining make-to-stock (MTS) and make-to-order (MTO) prioritisation. Through a set of simulation experiments this strategy was proved to be of great effectiveness. Singholi et al. (2012) presented a simulation study to evaluate the effects of various system parameters, such as machine flexibility, routing flexibility and part population inside the system. This simulation study may be very useful in managing and controlling the shop floor to give enhanced quality and better productivity. Li and Liu (2012) studied the ordering problem in demand driven multi-stage supply chain system. In order to obtain a better understanding of the model approach, they exerted a detailed simulation and presented the strategy parameters in simulation for various ordering policy settings. The proposed approach brought forth effective strategies to improve supply chain performance. Awudu and Zhang (2013) studied a stochastic production planning model for a biofuel supply chain. In order to maximise the expected profit a stochastic linear programming model was handled within a single-period planning framework. For comparing the performances of deterministic model and proposed stochastic model a simulation framework was exerted. The results represented the proposed model provided higher expected profit than the deterministic model under different uncertainty settings. Zhang et al. (2013) studied the relationship between operations-based variables and the manufacturing cost. They applied simulation-optimisation method to determine the optimal values of the operational variables for minimising the average cost. Finally, numeric calculations verified the effectiveness of the proposed approach.
Solano-Charris and Paternina-Arboleda (2013) applied discrete-event simulation as an analysis tool to evaluate the new production system concepts and used in the operation and planning of manufacturing facilities. They presented the discrete-event simulation of the supply chain operations in a naval hipyard using the ARENA. The results of the sensitivity analysis could help project managers in planning effective resource assignment based on their goals. Cigolini et al. (2014) exerted a scenario design technique and the discrete event simulation together with statistical analysis so as to study the relationships between supply chain performance, and both supply chain management decisions and supply chain configuration parameters. Results proposed some useful managerial implications.
Methodology
The methodology presented is aimed at determining the optimal production rate of each product in every period in order to satisfy three objectives altogether, including: minimising the total production costs, levelling the production volume in different planning periods and forcing the model to produce as near as possible to demand rate. By applying one of the multi objective decision making (MODM) methods, three objectives are converted to single objective. The technique used is weighting to objectives. Modelling and planning are done in a stochastic condition and some problem parameters are assumed uncertain. Due to complexity and uncertainty of the problem, it is required to use an efficient method to search the potential and feasible solutions in order to reach the ideal one. By referring to definitions expressed about properties of simulation optimisation approach in the introduction, this method is appropriate for presented problem and used for solving it. Hence, in Sections 3.1 and 3.2, the problem, assumptions and mathematical model are introduced then in Section 3.3, the simulation optimisation approach and the utilised algorithm are expounded.
Problem description
The assumptions and conditions of problem are as follows:
• The problem is pertinent to plan a flow shop manufacturing system producing p type products in t period scheduled time.
• There are s workstations in the system and each consists of one machine. All products pass multiple stations to be completed but skipping some machining centres. A workstation is not assumed to be encountered more than once.
• % Pp,s of each product type in every workstation is supposed to be decayed During the production.
• Failures are supposed for machines whereas uptime and down time are stochastic. The corrective maintenance policy is considered for the machines.
• The demand rate, process and set up time for each product in per period are uncertain. The setup time is independent from the amount of that product type.
• The resource accessibility for all the machines and their operation sequences to produce each product type are already known.
• Shortage is allowed in every period except the last period but in back order type.
• All relating manufacturing costs consisting of unit shortage cost, unit inventory holding cost, unit processing cost and setup cost are deterministic that could be different from a period to another period.
• Inventory of each product type is deteriorated by % Fp in every period.
The objective is to determine the quantity of each product type in every period whiles:
1 total production costs would be minimised 2 generating a smoothed production plan as possible 3 enforcing the model to produce as near as possible to demand rate.
The mathematical model
In this section, we will create the mathematical model of the presented production planning problem. The indices, parameters and variables of the model are as following:
• Indices:
• Parameters: 
After defining the indices, parameters and variables, the suggested model is presented as model 1.
• Model 1 
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Objective (1) minimises the total production costs comprising setup, process, shortage and inventory holding costs. Objective (2) minimises the production rate differences of each product in different production periods. Objective (3) forces the model to produce as near as possible to demand rate. Constraints (4) and (5) assure in period t, the sum of setup and process times in workstation s become less than available time. Constraint (6) warrants that in every feasible production plan, shortage in backorder type is allowed but no lost sales would happen. Constraints (7) and (8) are specifying whether in period t, product p needs setup or not. Constraint (9) determines the volume of inventory or shortage for product p in period t. Constraint (10) imposes the partial backordering policy. Constraints (11) and (12) display the type of decision variables. Constraints (13) to (15) demonstrate the type of some parameters.
As pointed in Section 2.4, using the method of weighting to objectives, three objectives are turned into single objective. The phases of this change are as below: 
Simulation-optimisation approach
In this section, firstly, a general description of the simulation optimisation approach is expressed then the suggested approach for solving the problem is described. Simulation optimisation method is supported upon two main parts; the first part is a simulation model that exactly demonstrates the system and its production processes. The second part is an optimiser that interacts with the simulation model. Indeed, for a defined problem, an optimiser iteratively seeks to detect acceptable solutions of model variables then, the performance of these acceptable solutions is estimated by applying the results of simulation experiments. The acceptance or rejection of the current solution is conducted on the basis of the estimated performance. Searching acceptable solutions improves upon a certain objective. This process continues until a stopping criterion is met at which time the best solution is chosen. As mentioned in Section 2.3, the main purpose of this study is determination of the optimal production rate in a stochastic manufacturing system and because of the uncertain condition in the model; for solving the problem, the simulation optimisation method is utilised. In suggested approach, firstly, the simulation model of the production system is created in 'Arena' software then, the validation of the model is examined.
Owing to the proposed model is a NP-hard problem and simulated annealing (SA) algorithm is defined as a remarkable method for such an NP-hard problem (Lapierre et al., 2006) , in the suggested method, SA is applied as the optimiser. Accordingly, the feasible solutions are detected by SA and the performance of these feasible solutions is estimated by simulation model. Finally, by SA algorithm a solution near to the optimal one is obtained. Figure 1 manifested the suggested approach for solving the problem. More, in Section 3.3.1, SA algorithm and its basic concepts are described and in Section 3.3.2, the simulation model is displayed and expounded. 
SA algorithm
SA is a stochastic meta-heuristic algorithm that is exerted efficiently to detect near global optimum solutions for extensive ranges of optimisation problem (Metropolis et al., 1953) . Dhawan (2009) mentioned that SA is an optimised procedure, inclusion of an excellent process for the solution of a global minimised cost function.
In SA algorithm, firstly, an initial temperature (T 0 ) and a primary solution (S 0 ) are determined. Next, then primary solution (S 0 ) is defined as the first current solution (S C ) and the first best solution (S*). Moreover, the objective function value of the initial solution (f 0 ) is specified as the objective function value of the current solution (f C ) and the best solution (f B ). By a movement, A neighbour solution (S N ) from S C is created and the changes in the objective function values (Δf = f(S N ) -f(S C ) ≤ 0) is calculated. If the objective function value of the neighbour solution (f N ) is better than f C , then it is accepted as a new S C . besides, if f N is worse than f C , S N is accepted as a new S C with the probability of EXP(Δf / T k ), otherwise, S N is rejected. The algorithm iterates IT times at each level of temperature, where IT is a control parameter, called as the Markov chain length. The parameter T is slowly decreased by a cooling function (T = α × T) until the stopping condition is met (T < T f ), where, is the cooling rate, and T f is the final temperature. The characteristic of SA is ability of jumping out of the local optima by accepting worse solutions. By calibrating the parameters of SA, better and more robust solutions are acquired (Roshani et al., 2013) . In this study, Taguchi method is used to calibrate the parameters. More, in Figure 2 , SA algorithm is presented as a flowchart. Zain et al. (2010) 
Simulation model
The simulation mode of the problem consists of two sections, the first one is simulation of production system and the other one is implementation of SA algorithm in simulation model so that, they both were constructed in Arena (version 13.5) simulation software. The descriptions about these sections are presented as below: 
Start

End of Simulation End
Simulation of production system
The procedure of simulating the production system is divided to eight steps: 1 defining the parameters and variables of model in Arena software 2 describing the entrances of parts to the production system 3 determining machineries, workstations and operation sequences of products in simulation model 4 assigning the failure for machines and specifying the corrective policy for them 5 generating the products and increasing the inventory level 6 calculating the weighted values of the first, second and third objectives of problem 7 computing the values of single objective (converting three objectives to single objective) 8 applying decide module to clarify if it is the ultimate replication and the last planning period, if yes, the average value of single objective is calculated.
More, in Figure 3 , the simulation model of production system using Arena software are indicated.
Implementation of SA algorithm in simulation model
Implementing SA algorithm in simulation model is accomplished by applying modules of decide and assign. In this process, decide module is used to clearing whether we are in the first repetition (first acceptable solution) or not? If yes, the first acceptable solution is assigned to the optimal production rate. Otherwise, the new solution is compared with the prior function so, the optimal function and optimal production rate are defined in that repetition. Optimal function is computed in Arena simulated model repetitively till the criterion condition is met. Creating these conditions and relations in simulation model are executed by Decide and Assign modules. Figure 4 displays the implemented SA algorithm in simulation model. 
Model validation
In the process of simulating, validating is an inseparable phase. The validation procedure attempts to warrant the simulated model has a satisfactory range of accuracy on the basis of its considered application (Sargent, 2005) . In this study, in order to investigate the validation of model, firstly, all parameters of model are assumed deterministic then some proceedings are conducted as follow:
At first, an initial solution is defined for the problem and using Excel software, the value of single objective is calculated. Next, the simulation model is run and on the basis of the initial solution, the value of single objective is calculated too. Finally, two values are compared with each other. Results show the values are identical.
Numerical example
In this section using figures of the numerical examples in former literature, the proposed problem is constructed and based on the suggested method is solved. All required data for making the problem are demonstrated in tables.
As stated in Section 2.4, demand rate, process time and setup time of every product in each period are uncertain and indefinite. Normal distribution is considered for them. Their values are depicted in Table 1 . Table 1 Demand rates of products, Machine process time (part/min) and setup time As regards the corrective maintenance policies is assumed for machines, up time and down time are uncertain and their values are showed in Table 2 . Besides, rates of deterioration for products respectively are F 1 = 0.05, F 2 = 0.03 and F 3 = 0.07. Other required data are shown in Tables 3 and 4 . After employing the method of weighted to objectives, the values of some parameters are changed.
The new values are displayed in Table 5 . In addition, all of the objectives have the identical importance weight so it is obvious that w 1 = w 2 = w 3 = 0.333.
As respects in the proposed approach, SA is chosen as an optimiser, before solving the problem, using Taguchi method the parameters are tuned. The parameters of SA that require calibration are N, T 0 , α and T f . Table 6 shows the parameters with their levels. Therefore, after executing 24 experiments and repeating every experiment ten times, the most appropriate parameters are determined. The results are showed in Table 7 .
Also, the initial solution to start the algorithm is indicated in Table 8 . In the proposed approach, for every new solution that is created by SA, the simulation model is run for ten times and the average value of objective function is computed. Then, the acceptance of this solution is checked by SA. Briefly, in the suggested approach 225 new feasible solutions are created and examined and finally the appropriate solution is determined. The trend of searching new solution and obtaining the best one is displayed in Figure 5 also the final solution is presented in Table 8 .
Pointing to Figure 5 , the trend of searching new solutions reached to a convergence and also, as results are presented in table 8, the average value of objective function decreased from 222.657 to 56.430 and it has been a remarkable reduction. Hence, the used method has been appropriate for the proposed problem.
In the numerical example, the first solution was determined randomly whereas; it was possible obtaining better result than the present result by applying another first solution. Moreover, the weighting to objectives were assumed identical whiles considering varying weighting to objectives causes different result. Table 7 Values of SA parameters Figure 5 The trend of nearing the optimal solution
Conclusions
In this study, a multi-period multi-product multi-objective production planning problem under an uncertain condition was presented. In fact, these kinds of production planning models were represented before by Syberfeldt et al. (2013) and Karimi-Nasab and Aryanezhad (2011) but they all studied in a deterministic situation. Hence, considering the uncertainty in this study results the plan which is more realistic. In the suggested problem there objectives inclusions of minimising the total costs of the production, levelling the production volume in different planning periods and forcing the model to produce as near as possible to demand rate, were considered simultaneously.
In reality, researchers believe that multi-objective problems are both effective and qualified for achieving ideal production plans. In this study, the first objective caused increasing productivity and optimal use of existing facilities. By considering the second objective, the pressure on managers and supervisors was reduced and the manager had smooth plan. Third objective with the third objective, commitments to customer satisfaction was obtained.
Due to the complexity and uncertainty of the problem, it was needed to use an efficient method to search the feasible solutions and choose the best one. The used method for this goal was the simulation-optimisation approach. In this technique, SA was chosen as the optimiser. After simulating the problem in Arena 13.5 and generating 225 new feasible solutions, the optimal production rate for each product in every period was determined.
Results showed the suggested approach caused that the trend of searching new solutions reached to a convergence and a remarkable decrease was made in the average value of objective function. So, the simulation optimisation approach is capable in solving uncertain production planning model even by considering multi objectives simultaneously. Indeed, this method has the ability of presenting a more complex and difficult model than the current problem by supposing all parameters and variables stochastic and considering some objectives to problem.
In this research, the proposed method was examined by a numerical example. In fact implementing the problem model in a real manufacturing environment with real data was almost difficult. Besides, in order to start SA algorithm, a random initial solution was made whiles creating a primary solution by a specific and reasonable method could cause better final solution.
In this study, identical weights were assumed for the objectives whereas considering various weights, resulted different solutions. Besides all production costs were In fact in reality the costs increase with time assumed independent of time and inflation was disregarded but in reality the costs increase with time.
It is suggested to solve this problem through considering other meta-heuristic algorithm such as genetic, TS, ACO and, etc., as an optimiser and compare the results to each other to specify the best one. Moreover, this study can be developed by supposing other parameters as stochastic and considered the inflation in model.
It is proposed to use other types of manufacturing systems such as job shop, cellular manufacture, etc., for the model also adding some other objectives to the problem model and identifying their weights by employing multi criteria decision-making (MCDM) methods. It is proposed to implement the model problem in a real manufacturing system and use the suggested method for that case study.
